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A B S T R A C T
We propose a method for the automated identiﬁcation of key white matter ﬁber tracts for neurosurgical
planning, and we apply the method in a retrospective study of 18 consecutive neurosurgical patients with
brain tumors. Our method is designed to be relatively robust to challenges in neurosurgical tractography,
which include peritumoral edema, displacement, and mass effect caused by mass lesions. The proposed
method has two parts. First, we learn a data-driven white matter parcellation or ﬁber cluster atlas using
groupwise registration and spectral clustering of multi-ﬁber tractography from healthy controls. Key ﬁber
tract clusters are identiﬁed in the atlas. Next, patient-speciﬁc ﬁber tracts are automatically identiﬁed using
tractography-based registration to the atlas and spectral embedding of patient tractography.
Results indicate good generalization of the data-driven atlas to patients: 80% of the 800 ﬁber clusters were
identiﬁed in all 18 patients, and 94% of the 800 ﬁber clusters were found in 16 or more of the 18 patients.
Automated subject-speciﬁc tract identiﬁcationwas evaluated by quantitative comparison to subject-speciﬁc
motor and language functional MRI, focusing on the arcuate fasciculus (language) and corticospinal tracts
(motor), which were identiﬁed in all patients. Results indicate good colocalization: 89 of 95, or 94%, of
patient-speciﬁc language and motor activations were intersected by the corresponding identiﬁed tract. All
patient-speciﬁc activations were within 3mm of the corresponding language or motor tract. Overall, our
results indicate the potential of an automatedmethod for identifying ﬁber tracts of interest for neurosurgical
planning, even in patients with mass lesions.
© 2016 Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Understanding of critical, individualized functional brain anatomy
isnecessary forneurosurgicalplanning. Inneurosurgicalpatients, cru-
cial areas to preserve during surgery include eloquent cortical regions
such as sensory, motor, visual, and language areas, as well as related
whitematter connections orﬁber tracts. Identiﬁcationof these crucial
brain areas using functional MRI (fMRI) and diffusionMRI (dMRI) has
been shown to increase tumor resection, progression-free survival,
and overall survival Petrella et al. (2006), Wu et al. (2007), indicating
the important clinical potential of these presurgical MRI acquisitions.
* Corresponding author.
E-mail address: odonnell@bwh.harvard.edu (L. O’Donnell).
But the translation of fMRI and dMRI to widespread clinical use faces
signiﬁcant challenges, asdiscussed in recent reviews (Bullmore, 2012;
Matthews et al., 2006; Rosen and Savoy, 2012; Ulmer et al., 2011).
Inthispaper,wefocusonaparticularchallengelimitingthetransla-
tionofdMRI towidespreadclinical use: theneed for expertprocessing
and interpretation of dMRI tractography. Tractography data is com-
plex, consisting of many hundreds of thousands of trajectories or
“ﬁbers” when seeded throughout the entire brain. In order to assess
the patient-speciﬁc location of a particular ﬁber tract of interest, a
trained expert must currently select the tract in an interactive way.
The selection procedure requires the placement of multiple regions
of interest in locations deﬁned by the patient anatomy. This is time
consuming, diﬃcult to standardize across patients, produces variable
resultsacrossoperatorsandsoftwarepackagesBürgeletal. (2009),and
is complicated by the displacement of patient-speciﬁc brain anatomy
http://dx.doi.org/10.1016/j.nicl.2016.11.023
2213-1582/© 2016 Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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due tomass effect. Furthermore, it is increasingly accepted (Caverzasi
et al., 2015; Chen et al., 2015, 2016; Farquharson et al., 2013; Kuhnt et
al., 2013; Mormina et al., 2015; Nimsky, 2014; Qazi et al., 2009) that
for improved clinical anatomical accuracy, tractography must move
beyond the standard diffusion tensor imaging (DTI) method, which
canonlyrepresentoneﬁberatany locationand is thusunable tomodel
ﬁber crossing. Improvedmulti-ﬁber tractographymethods, however,
increase the diﬃculty of the expert selection procedure, requiring a
higher number of regions of interest to restrict the selection. This is
because these advanced multi-ﬁber tractography methods are able
to trace a much higher number of ﬁbers in any given region due to
their increased sensitivity (Bastiani et al., 2012; Behrens et al., 2007;
O’Donnell et al., 2013; Wilkins et al., 2015).
To aid processing and interpretation of complex, multi-ﬁber trac-
tography data, we propose to perform atlas-based identiﬁcation of
key ﬁber tracts for neurosurgical planning. The goals of an automated
method are to reduce the clinical time needed for human interaction
and to increase the standardization of the presurgical plan. Increased
standardization has the potential to avoid operator-dependent
effects such as the choice of seeding or selection region, which are
known to affect tractography results (Radmanesh et al., 2015).
Our overall approach is to leverage a database of data from
healthy controls and to build models that are able to generalize to
patients with mass lesions or displacement. In this work we extend
and combine our methods for cluster-based (O’Donnell et al., 2006)
automated data-driven tractography atlasing (O’Donnell andWestin,
2007) and tractography registration (O’Donnell et al., 2012) to cre-
ate an end-to-end pipeline for automated analysis of neurosurgical
patient data.
Our proposed method is designed to be relatively robust to chal-
lenges in neurosurgical tractography, which include peritumoral
edema, displacement, and mass effect caused by mass lesions. We
employ two-tensor unscented Kalman ﬁlter tractography (Malcolm
et al., 2010), amulti-ﬁber tractographymethod thatwe have recently
shown to be more sensitive than the clinical standard of single-
tensor tractography in the presence of crossing ﬁbers and edema
(Chen et al., 2015, 2016). To identify tracts in a relatively robust way,
despite displacement and mass effect, we use a strategy of large-
scale features: major ﬁber tracts such as the arcuate fasciculus (AF)
and corticospinal tract (CST) are quite large, traversing many image
voxels, and have characteristic shapes and relationships to surround-
ing tracts. Such large anatomical features in the brain can potentially
be identiﬁed in patients despite changes due to mass lesions, which
can include displacement, inﬁltration, disruption, and peritumoral
edema (Jellison et al., 2004). Our method uses the global interrela-
tionships of the ﬁber tracts to aid identiﬁcation: the ﬁber similarity
between one ﬁber and many other ﬁbers is used to perform spectral
embedding of that ﬁber (O’Donnell and Westin, 2007). In this way,
the feature vector describing a particular ﬁber is like a “ﬁngerprint”
that encodes its similarity to many other ﬁber tracts (not just to the
nearest ﬁbers).
In the rest of this paper, we ﬁrst describe our proposed methods
and then demonstrate their application to neurosurgical planning
in a retrospective study of data from 18 consecutive neurosurgical
patients with brain tumors.
2. Methods
Herewegiveabriefoverviewofourproposedpipeline, followedby
amore detailed description of the datasets, computational processing
methods, and experimental evaluations employed in this work.
2.1. Pipeline overview and methods background
Our approach has two main steps: learning a white matter par-
cellation and applying the parcellation to data from new subjects.
First, our approach learns a model of the common white mat-
ter structures present in a group of healthy control subjects (Fig. 1)
using groupwise tractography registration (O’Donnell et al., 2012)
and clustering (O’Donnell and Westin, 2007). The unbiased entropy-
based groupwise tractography registration method performs simul-
taneous joint registration of tractography in a group of subjects
(O’Donnell et al., 2012) . Then the data-driven white matter atlas
creation method employs group spectral clustering of tractogra-
phy to discover structures corresponding to expected white matter
anatomy. Bilateral clustering enables discovery of common struc-
tures across subjects and hemispheres (O’Donnell andWestin, 2007).
These structures are represented as clusters in a “high-dimensional
white matter atlas” in the space of the spectral embedding, which
is created using the Nystrom method for analysis of large datasets
(O’Donnell and Westin, 2007) . Finally, the ﬁber clusters are visual-
ized and grouped by an expert to deﬁne structures of interest, which
are stored in an anatomical hierarchy. Overall, this creates a data-
driven white matter parcellation or ﬁber cluster atlas (Fig. 1). For
more details, see Section 2.3.
Next, the ﬁber cluster atlas is used to automatically identify
key patient-speciﬁc ﬁber tracts (Fig. 2). The entropy-based objec-
tive function (O’Donnell et al., 2012) is employed to register patient
to atlas tractography. Then, automatic segmentation of patient trac-
tography is performed by extending the spectral clustering solu-
tion, stored in the atlas, using the Nystrom method (O’Donnell and
Westin, 2007) . The anatomical hierarchy is used to identify key
patient-speciﬁc ﬁber clusters for visualization and comparison to
fMRI (Fig. 1). For more details, see Section 2.4.
All software used in this project is publicly available as open
source, including ﬁber tractography (Malcolm et al., 2010) (https://
github.com/pnlbwh/ukftractography), computational tractography
analysis methods (O’Donnell et al., 2012; O’Donnell and Westin,
2007) (https://github.com/SlicerDMRI/whitematteranalysis), and
tractography visualization with anatomical hierarchies in 3D Slicer
(Fedorov et al., 2012; Gering et al., 2001) (http://www.slicer.org)
via the SlicerDMRI project (Talos et al., 2003) (https://github.com/
SlicerDMRI).
2.2. Data acquisition and processing
Two datasets were used in this study: a healthy subjects dataset
from the Human Connectome Project (HCP) (Essen et al., 2013) and a
dataset of retrospective neurosurgical patient data.
2.2.1. Human Connectome Project dataset
The dataset used to create the ﬁber cluster atlas consisted of
10 healthy subjects’ data from the HCP1, processed following the
HCP minimum processing pipeline (Glasser et al., 2013). HCP sub-
jects were scanned at Washington University in St. Louis on a
customized Siemens Skyra 3T scanner (Siemens AG, Erlangen, Ger-
many) equipped with a standard 32-channel receive head coil and
a “body” transmission coil (see Essen et al. (2013) for details).
dMRI was acquired using a spin-echo planar imaging (EPI) sequence
(TR = 5520, TE = 89.5, ﬂip angle = 78◦, matrix = 168×144,
FOV=210×180 mm, 111 slices, voxel size = 1.25 mm3), includ-
ing 270 diffusion-weighted scans distributed equally over 3 shells of
b = 1000, 2000, and 3000 s/mm2 and 18 b = 0 scans per sub-
ject. For this study, we extracted the b = 3000 shell of 90 gradient
directions and all b = 0 scans for each subject. Angular resolution is
better and more accurate at high b-values such as 3000 Descoteaux
et al. (2007), Ning et al. (2015), and this single shell was chosen
for reasonable computation time and memory use. DWIConvert
1 HCP data are publicly available at https://db.humanconnectome.org/
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Fig. 1. The overall pipeline for learning the data-drivenwhitematter (WM) parcellation includes groupwise tractography registration, creation of awhitematter parcellation (ﬁber
cluster atlas) using groupwise spectral clustering of ﬁbers, and visualization and organization of atlas clusters into an anatomical hierarchy using 3D Slicer. In the tractography
registration, tracts from each subject are shown in a different color. In the white matter parcellation, colors are automatically generated from the spectral embedding, where each
ﬁber cluster has a unique color, and similar clusters have similar colors. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version
of this article.)
(https://github.com/BRAINSia/BRAINSTools/) was applied during
this preprocessing for data format conversion (NIFTI to NRRD).
2.2.2. Neurosurgical patient dataset
For this retrospective study, we selected 18 consecutive patients
(Table 1) with brain tumors who had diffusion MRI, functional MRI,
T2-weighted, and contrast-enhanced T1-weighted images acquired
presurgically. All imaging was acquired at Brigham and Women’s
Hospital on Siemens 3T scanners (Siemens Trio and Verio, Siemens
Healthcare, Erlangen, Germany) equipped with a 12 channel head
coil. DTI was acquired using an echo planar imaging (EPI) sequence
(30 gradient directions, 1 baseline (b = 0) image, b = 2000 s/mm2,
TR = 12700, TE = 98, ﬂip angle = 90◦, matrix = 100×90,
FOV = 22 cm, 59 axial slices, voxel size = 2.3 mm3). Func-
tional MRI images were acquired in the same session using EPI
(24 contiguous axial slices, 5 mm slice thickness, TR = 2000 ms,
TE = 30 ms, ﬂip angle = 85◦, 64×64 matrix, voxel size =
3.475×3.475×5 mm). fMRI was acquired as clinically indicated for
each patient; tasks included block design motor (hand clench, toe
wiggle, lip purse, ﬁnger tap) and language (antonym generation, sen-
tence competition, auditory naming) paradigms and were presented
using FDA approved hardware (goggles/headphones) and software
(Nordic Aktiva, Nordic Neuro Labs, Bergen, Norway). High resolu-
tion anatomical T1 (with gadolinium contrast) and T2weighted scans
were acquired as clinically indicated for each patient. The study
was approved by the Partners Healthcare Institutional Review Board,
and informed consent was obtained from all participants prior to
scanning.
fMRI processing. FDA-approved software was used for clinical fMRI
analysis (BrainEx, Nordic Neuro Labs, Bergen, Norway). fMRI data
were coregistered to the anatomical T2, motion corrected, smoothed,
and analyzed using the general linear model. The resulting t score
maps were independently thresholded by an expert and read by
a neuroradiologist. The t score maps from the clinical report were
imported into 3D Slicer, where an expert (PK,LR) selected the most
appropriate activation for each task in order to exclude unrelated or
noisy activations from comparison with ﬁber tracts. In each avail-
able language task, putative Broca’s and/or Wernicke’s areas were
selected, while for each motor task, the relevant hand, foot, or lip
activation was selected. fMRI language tasks commonly activate
both hemispheres but are usually lateralized to the left hemisphere.
If bilateral activations were present, putative Broca’s and/or Wer-
nicke’s homologues were also selected in the right hemisphere. The
thresholded and selected fMRI activations were exported as binary
images and used to create surface models for comparison to ﬁber
tracts.
dMRI processing. Diffusion Weighted Images (DWIs) were corrected
for motion and eddy current distortions using DTIPrep (Oguz et
al., 2014) (www.nitrc.org/projects/dtiprep). Images from all gradi-
ent directions were retained based on visual inspection of several
patient datasets with an in-house tool indicating no gradients should
be removed. Thus all 30 gradient directions were retained for anal-
ysis (Chen et al., 2015, 2016). We used 3D Slicer to obtain baseline
images (B0, the b = 0 image in the DWI volume) and a binary brain
mask derived from the DWI images. A rigid registration was com-
puted between the DWI baseline image and the T2 image. This rigid
registration was later applied to the ﬁber tracts for visualization in
3D Slicer with anatomical T2 and fMRI.
2.2.3. dMRI tractography
Whole-brain tractography of both datasets was con-
ducted using a two-tensor unscented Kalman ﬁlter method
Fig. 2. The pipeline for identiﬁcation of key white matter (WM) tracts in patient data includes tractography registration, white matter parcellation via spectral embedding of
ﬁbers, and visualization of key patient-speciﬁc tracts using an anatomical hierarchy. In this study, patient-speciﬁc tracts are compared to patient-speciﬁc fMRI by computing
distances to related functional activations.
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Table 1
Patient demographic data and pathology. W.H.O.: World Health Organization.
Patient information
Patient Age Gender Tumor type
P1 28 F Oligodendrioma, W.H.O. grade II
P2 34 F Recurrent metastatic carcinoma, lung primary
P3 57 M Glioblastoma (GBM), W.H.O. Grade IV
P4 66 F Glioblastoma (GBM), W.H.O. Grade IV
P5 63 M Metastatic melanoma
P6 52 F Metastatic carcinoma, breast primary
P7 70 M Anaplastic astrocytoma, W.H.O. Grade III
P8 26 F Anaplastic astrocytoma, W.H.O. Grade III
P9 57 F Diffuse astrocytoma W.H.O. grade II
P10 59 F Low grade glial/glioneuronal tumor
P11 57 M Glioblastoma (GBM), W.H.O. Grade IV
P12 52 M Malignant spindle cell neoplasm
P13 51 F Glioblastoma (GBM), W.H.O. Grade IV
P14 51 M Glioblastoma (GBM), W.H.O. Grade IV
P15 38 M Anaplastic astrocytoma, W.H.O. Grade III
P16 70 F Glioblastoma (GBM), W.H.O. Grade IV
P17 23 M Anaplastic astrocytoma, W.H.O. Grade III
P18 34 F Diffuse astrocytoma, W.H.O. Grade II
(Chen et al., 2015, 2016; Malcolm et al., 2010) as follows. We used
default values for UKF seeding and stopping fractional anisotropy
(FA) thresholds, where these defaults have previously been empiri-
cally determined across multiple datasets (Chen et al., 2015, 2016;
Malcolm et al., 2010). In UKF tractography, the FA seeding threshold
refers to the FA of an initial single-tensor ﬁt at the seed point, which
is used to initialize the multi-ﬁber model. The FA stopping threshold
pertains to tensor 1, the tensor that is tracked. An additional thresh-
old, generalized anisotropy (GA), which is deﬁned as a normalized
variance of the diffusivities in all gradient directions, is used to
assess the suitability of a multi-ﬁber ﬁt for both seeding and stop-
ping tractography. In combination, the FA and GA thresholds assess
the suitability of the tensor being tracked and the overall signal.
HCP dataset: Tractography was seeded with 3 seeds per voxel, in
all voxels within the binary brain mask where FA and GA were both
greater than 0.18 (default). Tracking stopped where the FA value
fell below 0.15 (default) or the GA fell below 0.09 (a value slightly
below the 0.1 default, which was empirically determined to give
good performance in HCP data).
Patient dataset: Tractography was seeded with 20 seeds per voxel
(with larger voxels in the patient dataset than the HCP dataset, more
seeds per voxel are needed) in all voxels within the binary brain
mask where FA and GA were both greater than 0.18 (default). Track-
ing stopped where the FA value fell below 0.15 (default) or the GA
fell below 0.075. The GA threshold was reduced below the default
value in patient data to enable higher sensitivity for tracking in or
near edema.
2.3. Creation of data-driven white matter parcellation (ﬁber cluster
atlas)
Using the HCP dataset, we created a white matter parcellation in
two main steps: data-driven groupwise analysis and expert creation
of an anatomical hierarchy.
2.3.1. Data-driven groupwise analysis
In this step, we learned a data-driven model of common white
matter structures in the population. First, we computed an unbi-
ased entropy-based groupwise tractography registration (O’Donnell
et al., 2012) of all subjects in a multiscale fashion, ﬁrst using aﬃne
transforms, then using a recently implemented extension to nonrigid
b-spline transforms. Then we performed groupwise spectral embed-
ding and clustering using the Nystrom method to identify common
white matter structures in a data-driven way (O’Donnell andWestin,
2007). The spectral embedding creates a space that robustly repre-
sents the ﬁber tracts according to their similarities to all other ﬁber
tracts. The Nystrom method uses random sampling to represent this
space compactly while greatly reducing the number of ﬁber distance
computations that must be performed. We note that many other
methods for tractography registration, e.g. Durrleman et al. (2011),
Garyfallidis et al. (2015), and clustering, e.g. Garyfallidis et al. (2012),
Guevara et al. (2012, 2011), Vercruysse et al. (2014), Wassermann
et al. (2010), have been proposed (for a review on clustering, see
O’Donnell et al. (2013)), so it is of future interest to test additional
techniques in patient data.
We extended our groupwise clusteringmethod to perform outlier
removal by iteratively clustering and removing any outlier ﬁbers that
had low probability or aﬃnity to their cluster. Fiber probability was
deﬁned based on pairwise ﬁber distances mapped through a Gaus-
sian kernel (O’Donnell et al., 2012), which is the same as the ﬁber
aﬃnity we use for clustering (O’Donnell and Westin, 2007). At each
iteration, for each cluster, the probability of each ﬁber was computed
in a leave-one-out fashion using ﬁbers from all other subjects in the
cluster. Outlier ﬁberswere rejectedwhose probabilitywasmore than
two standard deviations away from the cluster mean probability, in
a similar way to previously proposed spatial ﬁber outlier rejection
(Guevara et al., 2011). In this way, uncommon tractography errors
(spurious ﬁbers) that were present in only one or few subjects were
rejected from the atlas.
All parameter settings were determined empirically to enable
registration and clustering of large multi-subject datasets, while
keeping computational time and memory usage reasonable and fea-
sible. It is well known that many tractography ﬁbers are highly
similar to their neighboring ﬁbers (Presseau et al., 2015) , thus not all
ﬁbers are needed for analysis in order to learn common structures.
Our overall strategy is to perform random sampling to reduce the
number of ﬁbers analyzed from each subject, keeping the total ana-
lyzed ﬁbers (across subjects) suﬃcient to represent the anatomical
structures of interest in the population. Empirically, we ﬁnd that this
total number of across-subjects ﬁbers should generally be 100,000
or more for stable results. The number of ﬁbers sampled from each
subject is then calculated in order to reach the desired total number
of ﬁbers. In addition, ﬁbers are thresholded by length: in the current
project, a higher minimum length threshold (60 mm) for clustering
avoided short-range connections of lower interest for neurosurgi-
cal planning. As the overall length distribution contained a majority
of ﬁbers below 60 mm, this length thresholding step reduced the
overall dataset complexity and the number of clusters needed to
describe the dataset. The choice of the number of clusters depends
on the application, where a ﬁner parcellation (> 1000 clusters) may
be more useful for disease classiﬁcation (Zhang et al., 2016), while
for the current project, 800 clusters gave a ﬁne parcellation that
was still practical for expert visualization and grouping of clusters
(see Section 2.3.2). We note that as datasets and tractography have
improved, we have increased our default number of clusters from
200, which our previous experiments had indicated as the number of
clusters that could be described in a single brain using single-tensor
streamline tractography (O’Donnell and Westin, 2007).
Detailed parameter settings were as follows. The registration
employed 20,000 ﬁbers from each subject for a total of 200,000
ﬁbers, with a minimum ﬁber length of 40 mm, and aﬃne then
coarse-to-ﬁne b-spline registration with multiscale sigma values
from 20 down to 2 mm and a ﬁnal b-spline grid size of 8 × 8 × 8.
The clustering employed 10,000 ﬁbers from each subject for a total
of 100,000 ﬁbers, with a minimum ﬁber length of 60 mm, 800 clus-
ters, 2500 ﬁbers sampled for the Nystrom method, and two rounds
of outlier rejection.
The clustering identiﬁed clusters bilaterally, which both improves
clustering robustness (O’Donnell and Westin, 2007) and is useful for
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clinical visualization, in which neurosurgeons and neuroradiologists
commonly use the technique of comparing tumor and contralateral
healthy hemispheres to make clinical assessments. The ﬁnal cluster
atlas contained 800 structures that were consistently found across
all ten healthy controls.
2.3.2. Expert creation of anatomical hierarchy
The total number of clusters (800) was selected with the goal
of separating all structures considered to be different anatomically.
This ﬁne subdivision allowed us to incorporate expert knowledge
to combine clusters in order to to deﬁne an anatomically relevant
tract for a particular application. For example, in our previous work
(Voineskos et al., 2009;Whitford et al., 2010)we employed this strat-
egy to combine multiple smaller clusters into larger regions that
subdivided the corpus callosum (e.g. genu, temporal, occipital). In
the current project, ﬁber clusters potentially related to motor and
language functions were organized and grouped into larger anatom-
ical structures of relevance for neurosurgery. This grouping was
described in terms of an anatomical hierarchy, which can deﬁnemul-
tiple levels of structure subdivisions for anatomical visualization.
Hierarchies are stored as part of the 3D Slicer scene ﬁle (in medi-
cal reality modeling language (MRML), an XML format), which can
include multimodal medical images, surface models, tractography,
and all relevant transforms relating the data for multimodal presur-
gical and intraoperative visualization. To enable the current study,
we extended the existing anatomical hierarchy functionality in 3D
Slicer 4.5 to support tractography data.
Experts (LJO, PK) viewed all clusters in the atlas to create the
anatomical hierarchy, which was deﬁned as follows. dMRI studies
indicate that the corticospinal tract (CST), considered to be one of
the most important pathways serving a number of motor functions
essential for our voluntary movements (Al Masri, 2011), connects to
primary motor, primary somatosensory, and dorsal premotor cor-
tices, plus the supplementary motor area (Seo and Jang, 2013).
However, for the purpose of neurosurgical planning, the CST of
interest contains corticospinal and corticobulbar (face motor) ﬁbers
(Berman et al., 2004) and originates in primary motor cortex. Thus
for this study, the CST hierarchy included clusters connecting precen-
tral gyrus and brainstem. The arcuate fasciculus (AF) is possibly one
of the most signiﬁcant white matter ﬁber tracts related to language
function (Dick and Tremblay, 2012). The AF hierarchy included all C-
shaped ﬁber clusters connecting the temporal, parietal, and frontal
lobes (known connections of AF Catani and Mesulam (2008)). The
inferior fronto-occipital fasciculus (IFOF), inferior longitudinal fasci-
culus (ILF), and uncinate fasciculus (UF) are also thought to relate to
language function (Chang et al., 2015; Duffau et al., 2009;Mandonnet
et al., 2007; Martino et al., 2010; Papagno et al., 2010). The IFOF hier-
archy included ﬁber clusters connecting frontal and occipital lobes
(Catani et al., 2002) (additional clusters connecting frontal and pari-
etal lobes were found, as expected in dissection studies (Martino et
al., 2010), but were not included in the IFOF hierarchy for this initial
retrospective study). The ILF (Catani et al., 2003; Mandonnet et al.,
2007) hierarchy broadly included clusters connecting anterior tem-
poral and occipital lobes. Finally, the UF (Von Der Heide et al., 2013)
hierarchy included ﬁber clusters connecting frontal and temporal
lobes in a hook shape.
2.4. Application of white matter cluster atlas to patient data
We applied the cluster atlas to parcellate the whole white
matter of each patient’s tractography data as follows. First, the
entropy-based objective function used in the groupwise registration
(O’Donnell et al., 2012) was employed to perform an aﬃne registra-
tion of patient tractography to the atlas tractography. We note that
in contrast to standard image-based atlas/patient registration, which
is challenged by the presence of a tumor that does not exist in the
atlas, tractography registration is relatively insensitive to the pres-
ence of a tumor, as there are generally very few ﬁber tracts traced
in the tumor, and the objective function is relatively robust to any
missing data.
After registration to the atlas, patient-speciﬁc ﬁber clusters were
then detected bilaterally using spectral embedding of patient trac-
tography, followed by assignment of each ﬁber to the closest cluster
(O’Donnell and Westin, 2007). Outlier ﬁbers were removed if their
ﬁber probability/aﬃnity given the atlas cluster was over 2 standard
deviations from the cluster’s mean ﬁber probability. The anatomi-
cal hierarchy was used to identify patient-speciﬁc key ﬁber tracts,
and bilateral AF and CST clusters were then divided into right and
left hemisphere structures to enable quantitative evaluation versus
patient-speciﬁc fMRI in each hemisphere. All ﬁber clusters were then
transformed from atlas space back to patient (DWI) space and then
(rigidly) to patient T2/fMRI space for comparison to fMRI activations.
For clarity, we note that the 800 clusters of each patient’s white
matter parcellation correspond directly to the 800 clusters in the
atlas, such that the anatomical hierarchy from the cluster atlas is
applied directly to each patient parcellation, regardless of the partic-
ular patient or coordinate system of the tracts. All transforms were
applied to ﬁber tracts using 3D Slicer.
2.5. Quantitative evaluation
We used patient-speciﬁc motor and language fMRI to assess the
success of atlas-based ﬁber clustering to identify key structures in
tumor patients: the corticospinal tract (CST) and arcuate fasciculus
(AF). CST tractography is known to connect to motor cortex electri-
cal stimulation sites (Berman et al., 2004) and to motor fMRI (Archip
et al., 2007) , and we have previously shown that two-tensor UKF is
more sensitive than single-tensor streamline tractography to deﬁne
tracts connecting to motor sites (Chen et al., 2016). Subcortical stim-
ulation of AF causes language disruptions (Leclercq et al., 2010) , and
AF tractography is expected to connect Broca’s and Wernicke’s fMRI
activations (Vassal et al., 2016; Vernooij et al., 2007), though this
may not always be the case with single-tensor tractography (Diehl
et al., 2010). To perform quantitative evaluation, the signed distance
was calculated from each ﬁber tract to the related fMRI activation(s).
The signed distance is negative for tracts intersecting the fMRI and
positive if no overlap occurs (Quammen et al., 2011). All available
patient-speciﬁc language andmotor fMRI activationswere compared
to the corresponding patient-speciﬁc AF or CST, and the minimum
signed distances from each ﬁber tract to each corresponding fMRI
surface model were recorded. The minimum signed distance indi-
cated either the closest distance to the fMRI (if the distance was
positive), or the maximum depth a ﬁber extended into the fMRI acti-
vation (if the distancewas negative). Thus, a negative signed distance
indicated that a ﬁber tract intersected the fMRI activation.
2.6. Comparison to expert tract selection
For an initial methods comparison, visual and quantitative com-
parisons to expert-selected tracts were performed in the ﬁrst 9
patient datasets. Expert selection of CST and AF was performed
by a trained neurosurgeon (AM) using regions of interest (ROIs)
drawn on the T2-weighted image, with additional reference to the
directionally-encoded color FA map. CST was selected with three
inclusion ROIs at the level of the pyramid, the middle three-ﬁfths
of the midbrain, and the posterior limb of the internal capsule. For
CST, a fourth large ROI was added to generally restrict CST to cor-
tical areas of primary motor/M1, premotor, supplementary motor,
and somatosensory cortex. AF was delineated with three ROIs as fol-
lows. On a coronal plane passing through the precentral gyrus, the
ﬁrst ROI encompassed the anteroposteriorly-oriented ﬁbers adjacent
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to the lateral aspect of the CST, at the same level of the corpus callo-
sum on a craniocaudal axis. The second ROI was created on an axial
plane immediately above the level of the anterior commissure and
included only the vertically-oriented ﬁbers lateral to the atrium of
the lateral ventricle. The third ROI was created on an axial plane,
encompassing the anterolaterally-oriented ﬁbers lateral to the lat-
eral ventricle at the junction between the atrium and the temporal
horn. All ROIs were placed bilaterally. Exclusion masks were used to
avoid spurious ﬁbers: each exclusion ROI was speciﬁc for each tract
and hemisphere.
3. Results
3.1. Data-driven white matter parcellation in HCP dataset
The 800 ﬁber clusters were highly consistent across HCP subjects
(Fig. 3). 89% of the clusters were detected in all subjects, and 98% of
the clusters were detected in at least 9 of 10 subjects.
3.2. Identiﬁcation of key tracts in ﬁber cluster atlas
Anatomical hierarchies were created in 3D Slicer to organize the
ﬁber clusters belonging to major tracts of interest (Fig. 4) supporting
motor and language function. Note that multiple ﬁber clusters were
included in each anatomical hierarchy.
3.3. Whole-brain white matter parcellation in patient dataset
The ﬁber cluster atlas parcellates the entire white matter in each
patient. Thus, in addition to our focus on main tracts relevant to neu-
rosurgery, we were able to quantitatively evaluate the whole-brain
parcellation of the patients. To give a measure of the generalization
of the atlas to the patient dataset, wemeasured whether each cluster
was present or absent in each patient (Fig. 5). This measure indi-
cated robust generalization of the ﬁber cluster atlas to the patient
Fig. 3. Data-driven white matter parcellation: cluster consistency across 10 HCP
datasets. Of the 800 clusters, 712 (89%) are detected in all 10 subjects, and 780 (98%)
are detected in at least 9 of 10 subjects. We note that this cluster consistency result is
based on the 10,000 ﬁbers that were randomly sampled from each subject for eﬃcient
groupwise clustering, meaning that on average there would be 12.5 ﬁbers sampled per
cluster per subject. Using a higher number of ﬁbers per subject will increase this mea-
sure of cluster consistency (by increasing the number of clusters that can be detected
in all 10 subjects), while increasing the computational run time.
Fig. 4. Creation of the ﬁber cluster atlas. Visualization of the data-driven whitematter
parcellation (top row) and the expert-deﬁned anatomical hierarchies, which deﬁne
structures of interest for neurosurgical planning. Note that each hierarchy is the union
of several clusters. The number of clusters grouped into each hierarchy is shown. The
image in the background is the average DWI baseline image from the ten subjects
included in the atlas.
datasets: 80% of the clusters were detected in all patients, and 94% of
the clusters were detected in at least 16 of 18 patients.
3.4. Identiﬁcation of key tracts in patient dataset
The left and right CST, AF, IFOF, UF, and ILF were successfully
detected in all patient datasets. To facilitate visual assessment of per-
formance across subjects, we rendered tracts (in the atlas coordinate
system) against a black background (Figs. 6, 7, 8, and 9). We note
that some detected tracts are apparently much smaller than others,
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Fig. 5. Cluster consistency across 18 neurosurgical patient datasets. Application of the
cluster atlas to whole-brain tractography data from 18 patients indicates good gen-
eralization of the atlas to the patient dataset despite the presence of mass lesions. Of
the 800 clusters, 637 (80%) are detected in all 18 patients, and 754 (94%) are detected
in at least 16 of 18 patients. Note that clusters are found bilaterally, so this measure
indicates the presence of the cluster in at least one hemisphere of each patient.
and this is most apparent in the AF and IFOF results. The automated
method identiﬁes each ﬁber individually, based on its similarity to
multiple ﬁbers in the atlas, thus the method is not affected by the
overall size of the ﬁber tract in an individual patient. This ﬁber tract
size variability can be due to anatomical variability, tract lateraliza-
tion (Catani et al., 2007; Lebel and Beaulieu, 2009; Propper et al.,
2010), or the presence of a tumor and associated peritumoral edema.
3.5. Visual and quantitative evaluation of patient-speciﬁc key tracts
using fMRI
Finally, we assessed performance in all 18 patients by visualiza-
tion of identiﬁed tracts versus patient-speciﬁc anatomical T2 images
and fMRI (Figs. 10, 11, 12, and 13) and by quantitative comparison
of AF and CST to patient-speciﬁc fMRI (Table 2 and Fig. 14). Note
that for each patient, some subset of the language tasks (antonym
generation, sentence competition, auditory naming) andmotor tasks
(hand clench, lip purse, ﬁnger tap, toe wiggle) was acquired accord-
ing to clinical considerations. Summary results regarding tract-fMRI
intersection for each functional region are shown in Table 2, and
quantitative distance results are summarized in Fig. 14.
In all 12 patients with language fMRI, the AF in the left hemi-
sphere intersected all patient-speciﬁc activations. In the 6 patients
with bilateral language fMRI activations, the right AF intersected at
least one right hemisphere language activation in 5 patients, while
the right AF intersected all right hemisphere language activations in
4 patients. In all 6 cases, the AF in the right hemisphere lay within
2.97 mm or less of the right-hemisphere language fMRI activations
for all tasks.
Motor fMRI was acquired in 11 patients. The CST in the left hemi-
sphere intersected at least one activation in all 11 patients, while
the CST in the right hemisphere intersected at least one activation
in 10 of 11 patients. For 10 of 11 patients, the left hemisphere CST
intersected all patient-speciﬁc activations. The right hemisphere CST
intersected all patient-speciﬁc activations in 10 of 11 patients as
well. Across all patients, the greatest distance between the right
hemisphere CST and patient-speciﬁc motor activations was 2.41
mm, while the greatest distance between the left hemisphere CST
and patient-speciﬁc motor activations was 0.92 mm.
We also assessed the performance in tumor versus healthy hemi-
spheres. The AF and CST intersected all patient-speciﬁc activations
in all healthy hemispheres. In hemispheres with tumors, the AF
and CST, respectively, were within 2.97 mm and 2.41 mm of all
patient-speciﬁc activations.
3.6. Comparison to expert tract selection
In the ﬁrst 9 patient datasets, expert tract selection was per-
formed. The expert-drawn ROIs identiﬁed left CST in 9 patients, right
CST in 9 patients, left AF in 9 patients, and right AF in 8 patients
(Fig. 15). Overall, the expert tract selection method produced tracts
that were smaller in volume than the automatically identiﬁed ﬁber
tracts (Table 3). Comparison to patient-speciﬁc fMRI indicated that
Fig. 6. Automatically detected corticospinal tract clusters in all patient datasets (anterior view). Tumor surfaces are shown in green. Each cluster has a unique color, and similar
clusters have similar colors. Multiple clusters are included in the corticospinal tract hierarchy, which groups putative corticospinal tract clusters for automated visualization. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 7. Automatically detected left arcuate fasciculus tract clusters in all patient datasets (view from left). Tumor surfaces are shown in green when they are near the tract. Each
cluster has a unique color, and similar clusters have similar colors. Multiple clusters are included in the arcuate fasciculus tract hierarchy, which groups putative arcuate fasciculus
clusters for automated visualization. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
expert-selected left CST was within 3.86 mm of all related acti-
vations, and expert-selected right CST intersected all activations.
This performance in CST is similar to the automatic method, where
all activations in both hemispheres were intersected in the ﬁrst 9
patients. Expert-selected left AF was within 13.52 mm of all patient-
speciﬁc left hemisphere activations, where 10 of 15 activations
were intersected. In contrast, automatically identiﬁed left AF inter-
sected all patient-speciﬁc language fMRI activations in the ﬁrst 9
patients. Expert-selected right AF was identiﬁed in 2 of 3 patients
with bilateral language activations: 1 activation was intersected,
and expert-selected right AF was within 0.62 mm of all language
activations in those 2 patients. In contrast, automatically identiﬁed
right AF was found in all 3 patients: 2 activations were intersected,
and automatically identiﬁed right AF was within 2.98 mm of all
activations.
4. Discussion
In this paper, we have demonstrated high consistency across
healthy and neurosurgical subjects in terms of the ﬁber clusters that
may be deﬁned using unscented Kalman ﬁlter two-tensor tractogra-
phy. The automatic patient-speciﬁc tract identiﬁcation was assessed
as having very good colocalization with patient-speciﬁc fMRI activa-
tions. However, tractographymethods are under active development
(Jeurissen et al., 2014; Reisert et al., 2011; Tournier et al., 2012)
and evaluation (Bucci et al., 2013; Fillard et al., 2011; Mormina
et al., 2015; Neher et al., 2015; Pujol et al., 2015; Thomas et al.,
2014), with many competing algorithms to choose from, and there
remains signiﬁcant anatomical controversy about the true extent
and termination of many ﬁber tracts in the human brain (Dick and
Tremblay, 2012;Meola et al., 2015; Von Der Heide et al., 2013) . Thus,
Fig. 8. Automatically detected right arcuate fasciculus tract clusters in all patient datasets (view from right). Tumor surfaces are shown in green when they are near the tract.
Each cluster has a unique color, and similar clusters have similar colors. Multiple clusters are included in the arcuate fasciculus tract hierarchy, which groups putative arcuate
fasciculus clusters for automated visualization. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 9. Automatically detected inferior fronto-occipital (IFOF, top row, superior view), occipito-temporal (ILF, middle row, superior view), and left uncinate (UF, bottom row, view
from left) tract clusters, shown in the ﬁrst six patient datasets. Tumor surfaces are shown in green when they are near the tract. Each cluster has a unique color, and similar
clusters have similar colors. Multiple clusters are included in the tract hierarchies, which group putative IFOF, ILF, and UF clusters for automated visualization. (For interpretation
of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
there is unavoidable uncertainty in these and any other tractogra-
phy results. Overall, the assessment of which tractography method,
or which combination of dMRI acquisition strategy and tractogra-
phy method, performs the best for neurosurgical planning remains
an open question for future research.
Two well known issues in tractography are false positive
(anatomically incorrrect) and false negative (missing ﬁbers) errors
(Catani, 2007; O’Donnell and Westin, 2011). We believe we have
ameliorated the false positive issue to a certain extent by rejecting
outlier ﬁbers that were improbable, given the other subjects, during
the process of atlas creation and again during patient tractography
identiﬁcation. But with our approach, any false positive errors that
are strongly present across subjects (i.e. errors typically made by the
tractography method) would still be consistently represented in the
atlas. Other approaches have been proposed to ﬁlter tractography
(Smith et al., 2013, 2015), which operate at the single-subject level
and could be tested in the context of neurosurgical planning. In the
context of our current method, reducing false positive ﬁbers using
stricter outlier removal might not make sense, because high sensi-
tivity is desirable for neurosurgical planning. In fact, an error in one
Fig. 10. Automatically detected CST ﬁber tracts in patients with subject-speciﬁc task-based motor fMRI. Images show every patient-speciﬁc motor fMRI activation (yellow), with
a T2-weighted image behind the ﬁber tracts, which are rendered partially transparent to better visualize the fMRI activations. All fMRI activations are intersected by CST ﬁber
tracts except the right foot motor activation in the left hemisphere of P10 and the right hemisphere motor activations in P14. (For interpretation of the references to color in this
ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 11. Automatically detected left AF ﬁber tracts in patients with subject-speciﬁc task-based language fMRI. Images show patient-speciﬁc language fMRI activations (yellow) in
the left hemisphere, with a T2-weighted image behind the ﬁber tracts. All fMRI activations are intersected by AF. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)
spot along the ﬁber does not necessarily indicate that the rest of the
ﬁber is false. This is because decisions are made locally during track-
ing in UKF tractography and in the majority of tractography methods
used for neurosurgical planning.
The second tractography issue is false negative ﬁbers due, for
example, to ﬁber crossings. Clinically, this is especially problematic
because tractography (especially that based on single-ﬁber diffu-
sion tensor imaging or DTI) has diﬃculty tracing the the lateral
Fig. 12. Automatically detected right AF ﬁber tracts in patients with bilateral language activations in subject-speciﬁc task-based language fMRI. Images show patient-speciﬁc
language fMRI activations (yellow) in the right hemisphere, with a T2-weighted image behind the ﬁber tracts. All fMRI activations are intersected by right AF except putative Broca
(P3 antonym task) and putative Wernicke (P6 audionaming task). Patients with language fMRI were right-handed except for P6, who had apparent right-hemispheric language
lateralization according to fMRI. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 13. Automatically detected ﬁber tracts in the ﬁrst four patient datasets illustrate example results in IFOF, ILF, and UF. A T2-weighted image is shown behind the ﬁber tracts.
projections of the CST, which cross the AF and superior longitudinal
fasciculus (Behrens et al., 2007; Berman et al., 2004; Jones, 2008).
We and others have shown that multi-ﬁber tractography methods
are important to improve the anatomical accuracy of AF and CST
for neurosurgical planning (Bucci et al., 2013; Caverzasi et al., 2015;
Chen et al., 2015, 2016; Farquharson et al., 2013; Kuhnt et al., 2013;
Mormina et al., 2015; Nimsky, 2014; Qazi et al., 2009). The problem
of false negative or missing ﬁbers was reduced in the current study
by using a sensitive multi-ﬁber tractography method; however, it is
not possible to assess the existence of false negatives without ground
truth. Furthermore, the fact that ﬁber clusters are found bilaterally
in our method allows comparison across hemispheres, and it is visu-
ally apparent in several patient datasets that the size of the tract that
can be identiﬁed in the tumor hemisphere is smaller than that in the
contralateral hemisphere. While some lateralization is expected, for
example in AF (Catani et al., 2007; Lebel and Beaulieu, 2009; Propper
et al., 2010), tract lateralization in tumor patients is a challenge
because it is not possible to know whether apparently “missing”
tracts are actually destroyed, or whether they are affected enough
by edema and/or inﬁltration to prevent tractography. Though we
Table 2
Summary results regarding tract-fMRI intersection for each functional region. The
data in the table (X/Y) indicates that X of a total of Y activations are intersected
by related AF (language) or CST (motor) tracts. 89 of 95 total activations are inter-
sected by the related ﬁber tract. In some patients, multiple language tasks resulted in
the identiﬁcation of multiple putative Broca’s or Wernicke’s regions. All regions are
included.
Motor fMRI activations Language fMRI activations
Foot Hand Finger Lip Broca Wernicke
Left hemisphere 5/6 10/10 1/1 8/8 18/18 15/15
Right hemisphere 6/6 9/10 3/4 7/8 2/3 5/6
have previously shown that UKF two-tensor tractography can trace a
larger AF and CST than single-tensor streamline tractography in the
presence of peritumoral edema (Chen et al., 2015, 2016), tractogra-
phy in edematous regions is clearly still a challenge. In such cases,
additional interactive tractography (Golby et al., 2011) in the region
of the detected ﬁber tracts, as well as correlation with fMRI, could
help provide more information on a patient-speciﬁc basis.
The currently presented results indicate a very sensitive detection
of key ﬁber tracts, especially AF. The patient-speciﬁc structure-
function colocalization in the current study, where the AF in the left
hemisphere intersected the left hemisphere language fMRI activa-
tions for all tasks, is higher than the structure-function colocalization
Fig. 14. Quantitative results relating patient-speciﬁc automatically identiﬁed ﬁber
tracts to patient-speciﬁc fMRI activations. Most ﬁber tracts intersect the related
functional activations, and all are under 3mm from the related activations.
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Fig. 15. Comparison of expert tract selection versus automatic tract identiﬁcation: visualizaton of results in the ﬁrst 4 patient datasets in CST (top), left AF (middle), and right AF
(bottom). In general, the automatic method tends to identify larger structures. All tracts were detected by both methods except for P3 right AF, which was not detected by the
expert selection using anatomical ROIs. (Note that expert-selected left AF was detected in P4 but contains two ﬁbers and is minimally visible.)
reported in previous studies that relied on the single diffusion ten-
sor (DTI) model to perform tractography of AF. For example, in one
study that compared DTI tractography of AF to implanted electrode
location in epilepsy, good colocalization of AF (deﬁned as within
10 mmof the functional region) was only found for 84% of elec-
trodes in Broca’s area and 56% of electrodes in Wernicke’s area
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Table 3
Quantitative comparison of expert-selected and automatically identiﬁed tracts in the
ﬁrst 9 consecutive patients with brain tumors. Columns include the number of tracts
identiﬁed or detected (ID), the mean and standard deviation of the tract volumes in cc,
and the number of fMRI intersections, where patient-speciﬁc tracts were compared to
patient-speciﬁc fMRI activations for language (AF) or motor (CST) tasks. The automatic
identiﬁcation produced signiﬁcantly larger volumes for all structures (p< 0.01, paired
t-tests).
Expert selection Automatic identiﬁcation
Tract ID Volume fMRI ID Volume fMRI
Left CST 9/9 17 ± 9 10/11 9/9 38 ± 15 11/11
Right CST 9/9 15 ± 5 11/11 9/9 41 ± 7 11/11
Left AF 9/9 31 ± 21 10/15 9/9 69 ± 32 15/15
Right AF 8/9 14 ± 16 1/4 9/9 38 ± 30 2/4
(Diehl et al., 2010). In another study, anterior terminations of AF
were found primarily in premotor cortex, not in Broca’ area, using
DTI tractography (Bernal and Ardila, 2009).
In related work, Tunc et al. have recently proposed a method
for automated identiﬁcation of ﬁber tracts in presurgical planning
(Tunç et al., 2015). Their work also adopted the strategy of building a
model or atlas by clustering tractography from multiple subjects, an
approach ﬁrst reported by our group (O’Donnell and Westin, 2007).
Their clustering method relied on a “connectivity-based” strategy, in
which ﬁbers were clustered according to the pattern of local cortical
connectivity of each voxel along a ﬁber (Tunç et al., 2015). This is a
promising strategy, but it requires parcellation of the patient cortex
via image registration, a potentially diﬃcult approach due to the high
inter-subject variability of cortical topography (Desikan et al., 2006)
and the known challenges in image registration due to the presence
of a tumor (Kaus et al., 2001; Risholm et al., 2010). In contrast to Tunç
et al. (2015), our proposed method does not rely on an image-based
registration or a cortical parcellation. Instead it employs overall ﬁber
shape and location, measured using pairwise ﬁber similarity, both
for registration and spectral clustering. Another important difference
relative to Tunç et al. (2015) is that we applied a multi-ﬁber tractog-
raphy approach (not single-tensor DTI tractography), which provides
improved anatomical accuracy in neurosurgical planning (Caverzasi
et al., 2015; Chen et al., 2015, 2016; Farquharson et al., 2013; Kuhnt
et al., 2013; Mormina et al., 2015; Nimsky, 2014; Qazi et al., 2009).
In our study, 94% of the 800 ﬁber clusters were found in a
very robust way (in 16 or more of the 18 patients), when cluster-
ing densely seeded whole-brain tractography. Due to differences in
acquisition, it was expected a priori that the clinical dMRI scan would
be less sensitive in terms of the number of anatomical structures
that could be detected relative to the advanced HCP acquisition, in
which 98% of the 800 ﬁber clusters were identiﬁed in at least 9 of
10 subjects. This 98% measure in healthy control HCP data is actually
an underestimate of the cluster consistency, as it is based on down-
sampled tractography data from each subject to enable eﬃcient
groupwise clustering. We believe that using HCP data improves the
overall quality of our data-driven parcellation; howeverwe have pre-
viously successfully applied the clustering method to create atlases
using more standard acquisitions (O’Donnell et al., 2009; Propper et
al., 2010; Whitford et al., 2010) . Our experience indicates that the
data used to learn the atlas should be at least as good or better than
the data that will be segmented using the atlas, that the tractography
method should be the same for both datasets, and that bilateral clus-
tering improves robustness (O’Donnell and Westin, 2007). We have
also observed that using multi-ﬁber tractography increases the con-
sistency of the clusters found across subjects. In the future, improved
dMRI scans with higher b-values and/or multishell data, as well as
improved tractography methods and better modeling of edema, are
expected to increase the quality of patient tractography, bringing it
even closer to the quality of the HCP dataset.
We performed an initial comparison to expert-selected tracts in
the ﬁrst 9 patients. This experiment serves mainly as a proof of
concept that automated tract identiﬁcation can have comparable
performance to expert tract identiﬁcation. Tract selection results are
known to vary across expert raters (Bürgel et al., 2009), where vari-
ability can occur in several situations, such as deciding on the size
of the ROI, the number of ROIs drawn, and the slice(s) on which
the ROIs are drawn (Voineskos et al., 2009). Thus a more complete
clinical evaluation including additional raters and patients is a clear
avenue for future work. However, in this initial comparison there
were clear trends demonstrating that the automatic method iden-
tiﬁed larger structures that intersected more fMRI activations. This
comparison result reﬂected the difference in how ROIs were deﬁned
by the expert versus how clusters were included in the tract hier-
archies. For example, the expert method was much more speciﬁc
in the brainstem where two CST ROIs were placed. In contrast, the
automatic method visually demonstrated more ﬁbers connecting to
lateral motor regions (e.g. face and hand), as the CST hierarchy was
deﬁned primarily according to connection to motor cortex. In AF, the
automatic method was apparently less sensitive to tract displace-
ment due to mass effect, demonstrating larger AF volume across
patients. We tested expert tract selection using segmented ROIs, and
another option is interactive selection using boxes in 3D, which tends
to be more inclusive as the user has less speciﬁc control over the
shape of the ROI. ROI placement strategies may also be affected by an
expert’s familiarity with, or preference for, single-ﬁber versus multi-
ﬁber tractography, where the latter method is known to generate
more connections and have higher sensitivity (Bastiani et al., 2012;
Behrens et al., 2007; Wilkins et al., 2015) with larger tract volumes
(Chen et al., 2015, 2016).
Our data-driven tractography parcellation achieves a ﬁne subdi-
vision of the white matter with the potential to be speciﬁc to tracts
of interest. For example, our approach naturally subdivides the arcu-
ate fasciculus/superior longitudinal fasciculus complex into multiple
parts as expected from neuroanatomical research (Catani and Jones,
2005; Makris et al., 2005; Martino et al., 2013). AF subdivisions are
shown in Figs. 4, 7, and 8. SLF was also divided into multiple sub-
divisions by the clustering method (not shown). We note that the
AF and CST tract hierarchies of interest included 30 of the total 800
clusters that were deﬁned using our approach. The cortical regions
involved in the language network are widely distributed (Corina et
al., 2010; Huth et al., 2016) , and we have not yet evaluated addi-
tional tracts related to language function (Chang et al., 2015), such as
the superior longitudinal fasciculus (Makris et al., 2005; Martino et
al., 2013), frontal aslant tract (Catani et al., 2012, 2013), middle lon-
gitudinal fasciculus (de Champﬂeur et al., 2013; Makris et al., 2009) ,
and extreme capsule (Makris and Pandya, 2009).
One limitation of our method is that it is diﬃcult, given our cur-
rent technology, to separate motor from sensory ﬁbers in the CST
hierarchy. In fact, it is not completely clear if this separation is possi-
ble based only on tractography information, because approximately
two-thirds of corticospinal ﬁbers have been shown to originate from
axons of pyramidal cells, mainly from primary motor/M1 (Brod-
mann’s area 4), premotor and supplementary motor (Brodmann’s
area 6); while the remaining one-third of ﬁbers has been shown to
arise from the somatosensory cortex (Brodmann’s areas 3, 1 and 2)
(Mendoza and Foundas, 2007; Snell; Stippich, 2007). For the pur-
poses of this study, any ﬁber clusters in the atlas that primarily
connected to postcentral gyrus or to regions anterior of the precen-
tral gyrus were not included in the M1 CST hierarchy. The results
in this study indicate good sensitivity of CST detection, based on
good colocalization with patient-speciﬁc fMRI activations. However,
to potentially increase speciﬁcity of motor ﬁber identiﬁcation, future
work could take into account additional information such as multi-
modal imagery, cortical geometry, and functional information when
creating and applying thewhitematter parcellation. Robustly tracing
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the CST from cortex to brainstem is still a challenge, and improve-
ments in data preprocessing for distortion correction may improve
depiction of the corticospinal tract and brainstem region in HCP
datasets (Irfanoglu et al., 2015).
There are some additional limitations of the current study. One
limitation of our method is the run time (approximately 2.5 h per
patient dataset to seed, register, and cluster all ﬁber tracts using
20 processors for tractography and 2 processors for the rest of the
pipeline) and the fact that some of the steps, as currently imple-
mented, require knowledge of the command line, limiting their ease
of use for clinically-trained personnel. We are currently investigat-
ing an optimized implementation for improved useability. In this
project, image distortions caused by eddy currents and/or motion
were corrected in the traditional way by registration to the base-
line image (Graham et al., 2016; Oguz et al., 2014) such that the
DWIs were considered to be in the space of the relatively undistorted
baseline image, which was then rigidly registered to the T2 space.
This does not correct for echo-planar imaging distortions, which are
expected to be on the order of 2 mm in the phase-encode direction in
patient data (Treiber et al., 2016), and are generally neglected in clin-
ical practice. Newly-proposed methods (Andersson and Sotiropou-
los, 2016; Irfanoglu et al., 2015) do have high potential for correcting
DWI distortions in the future. Finally, potential limitations of the pro-
posed method may be patient-speciﬁc, as some tumors will affect
tracts more than others. In the future, an interactive system could
allow the clinician to both increase and decrease the number of ﬁbers
included in the tract of interest, for example by expanding and con-
tracting the region of the spectral embedding space considered to
belong to the tract. This type of visualization could provide practical
information about the uncertainty of automated tract detection.
Overall, the results of our study indicate the high potential of an
automated method for identifying ﬁber tracts of interest for neuro-
surgical planning. We note that this study also supports the utility of
our methods and open-source tools for other applications of white
matter parcellation (O’Donnell et al., 2013), such as our recent work
in autism (Zhang et al., 2016). In the current study, we evaluated a
limited number of selected ﬁber tracts considered to be of impor-
tance for neurosurgery, andwe demonstrated their robust identiﬁca-
tion across patients using multi-ﬁber tractography. We plan further
multi-modal data-driven investigation of the relationship of patient-
speciﬁc whole-brain ﬁber clusters to patient-speciﬁc fMRI in order to
more ﬁnely deﬁne which ﬁber clusters may be of greatest functional
importance for neurosurgical planning.
Acknowledgements
We gratefully acknowledge the funding provided by the follow-
ing National Institutes of Health (NIH) grants: U01 CA199459, R03
NS088301, P41 EB015898, National Center for Image-Guided Ther-
apy, R01 MH074794, P41 EB015902, Neuroimage Analysis Center,
R25 CA089017, R01 MH097979, R21 CA198740, U01 NS083223. A.A.
was supported by the Armenise-Harvard Summer Fellowship. Data
were provided in part by the Human Connectome Project, WU-Minn
Consortium (Principal Investigators: David Van Essen and Kamil
Ugurbil; 1U54MH091657) funded by the 16 NIH Institutes and Cen-
ters that support the NIH Blueprint for Neuroscience Research; and
by the McDonnell Center for Systems Neuroscience at Washington
University.
References
Al Masri, O., 2011. An essay on the human corticospinal tract: history, development,
anatomy, and connections. Neuroanatomy 10, 1–4.
Andersson, J.L., Sotiropoulos, S.N., 2016. An integrated approach to correction for
off-resonance effects and subject movement in diffusion MR imaging. Neuroim-
age 125, 1063–1078.
Archip, N., Clatz, O.,Whalen, S., Kacher, D., Fedorov, A., Kot, A., Chrisochoides, N., Jolesz,
F., Golby, A., Black, P.M., Warﬁeld, S.K., 2007. Non-rigid alignment of pre-opera-
tive MRI, fMRI, and DT-MRI with intra-operative MRI for enhanced visualization
and navigation in image-guided neurosurgery. Neuroimage 35 (2), 609–624.
Bastiani, M., Shah, N.J., Goebel, R., Roebroeck, A., 2012. Human cortical connectome
reconstruction fromdiffusionweightedMRI: the effect of tractography algorithm.
Neuroimage 62 (3), 1732–1749.
Behrens, T., Berg, H.J., Jbabdi, S., Rushworth, M., Woolrich, M., 2007. Probabilis-
tic diffusion tractography with multiple ﬁbre orientations: what can we gain?
NeuroImage 34 (1), 144–155.
Berman, J.I., Berger, M.S., Mukherjee, P., Henry, R.G., 2004. Diffusion-tensor imag-
ing-guided tracking of ﬁbers of the pyramidal tract combined with intraoperative
cortical stimulation mapping in patients with gliomas. J. Neurosurg. 101 (1),
66–72.
Bernal, B., Ardila, A., 2009. The role of the arcuate fasciculus in conduction aphasia.
Brain 132 (9), 2309–2316.
Bucci, M., Mandelli, M.L., Berman, J.I., Amirbekian, B., Nguyen, C., Berger, M.S., Henry,
R.G., 2013. Quantifying diffusion MRI tractography of the corticospinal tract in
brain tumors with deterministic and probabilistic methods. NeuroImage: Clinical
3, 361–368.
Bullmore, E., 2012. The future of functional MRI in clinical medicine. NeuroImage 62
(2), 1267–1271. http://dx.doi.org/10.1016/j.neuroimage.2012.01.026.
Bürgel, U., Mädler, B., Honey, C., Thron, A., Gilsbach, J., Coenen, V., 2009. Fiber tracking
with distinct software tools results in a clear diversity in anatomical ﬁber tract
portrayal. Cen. Eur. Neurosurg. 70 (1), 27–35.
Catani, M., 2007. From hodology to function. Brain 130 (3), 602–605.
Catani, M., Allin, M.P., Husain, M., Pugliese, L., Mesulam, M.M., Murray, R.M., Jones,
D.K., 2007. Symmetries in human brain language pathways correlate with verbal
recall. Proc. Natl. Acad. Sci. 104 (43), 17163–17168.
Catani, M., DellAcqua, F., Vergani, F., Malik, F., Hodge, H., Roy, P., Valabregue, R., De
Schotten, M.T., 2012. Short frontal lobe connections of the human brain. Cortex
48 (2), 273–291.
Catani, M., Howard, R.J., Pajevic, S., Jones, D.K., 2002. Virtual in vivo interactive
dissection of white matter fasciculi in the human brain. Neuroimage 17 (1),
77–94.
Catani, M., Jones, D.K., et al. 2005. Perisylvian language networks of the human brain.
Ann. Neurol. 57 (1), 8–16.
Catani, M., Jones, D.K., Donato, R., et al. 2003. Occipito-temporal connections in the
human brain. Brain 126 (9), 2093–2107.
Catani, M., Mesulam, M., 2008. The arcuate fasciculus and the disconnection theme in
language and aphasia: history and current state. Cortex 44 (8), 953–961.
Catani, M., Mesulam,M.M., Jakobsen, E., Malik, F., Martersteck, A., Wieneke, C., Thomp-
son, C.K., de Schotten, M.T., Dell’Acqua, F., Weintraub, S., 2013. A novel frontal
pathway underlies verbal ﬂuency in primary progressive aphasia. Brain 136 (8),
2619–2628.
Caverzasi, E., Hervey-Jumper, S.L., Jordan, K.M., Lobach, I.V., Li, J., Panara, V., Racine,
C.A., Sankaranarayanan, V., Amirbekian, B., Papinutto, N., et al. 2015. Identifying
preoperative language tracts and predicting postoperative functional recovery
using HARDI q-ball ﬁber tractography in patients with gliomas. J. Neurosurg.
1–13.
Chang, E.F., Raygor, K.P., Berger, M.S., 2015. Contemporary model of language organi-
zation: an overview for neurosurgeons. J. Neurosurg. 122 (2), 250–261.
Chen, Z., Tie, Y., Olubiyi, O., Rigolo, L., Mehrtash, A., Norton, I., Pasternak, O., Rathi, Y.,
Golby, A.J., O’Donnell, L.J., 2015. Reconstruction of the arcuate fasciculus for sur-
gical planning in the setting of peritumoral edema using two-tensor unscented
Kalman ﬁlter tractography. NeuroImage: Clinical 7, 815–822.
Chen, Z., Tie, Y., Olubiyi, O., Zhang, F., Mehrtash, A., Rigolo, L., Kahali, P., Norton, I.,
Pasternak, O., Rathi, Y., Golby, A.J., O’Donnell, L.J., 2016. Corticospinal tract model-
ing for neurosurgical planning by tracking through regions of peritumoral edema
and crossing ﬁbers using two-tensor unscented Kalman ﬁlter tractography. Int. J.
Comput. Assist. Radiol. Surg. 1–12.
Corina, D.P., Loudermilk, B.C., Detwiler, L., Martin, R.F., Brinkley, J.F., Ojemann, G., 2010.
Analysis of naming errors during cortical stimulation mapping: implications for
models of language representation. Brain Lang. 115 (2), 101–112.
de Champﬂeur, N.M., Maldonado, I.L., Moritz-Gasser, S., Machi, P., Le Bars, E., Bonafé,
A., Duffau, H., 2013. Middle longitudinal fasciculus delineation within language
pathways:adiffusiontensorimagingstudyinhuman.Eur.J.Radiol.82(1),151–157.
Descoteaux, M., Angelino, E., Fitzgibbons, S., Deriche, R., 2007. Regularized, fast, and
robust analytical q-ball imaging. Magn. Reson. Med. 58 (3), 497–510.
Desikan, R.S., Ségonne, F., Fischl, B., Quinn, B.T., Dickerson, B.C., Blacker, D., Buckner,
R.L., Dale, A.M., Maguire, R.P., Hyman, B.T., et al. 2006. An automated labeling sys-
tem for subdividing the human cerebral cortex on MRI scans into gyral based
regions of interest. NeuroImage 31 (3), 968–980.
Dick, A.S., Tremblay, P., 2012. Beyond the arcuate fasciculus: consensus and contro-
versy in the connectional anatomy of language. Brain Aws222.
Diehl, B., Piao, Z., Tkach, J., Busch, R.M., LaPresto, E., Najm, I., Bingaman, B., Duncan,
J., Lüders, H., 2010. Cortical stimulation for language mapping in focal epilepsy:
correlationswith tractographyof thearcuate fasciculus. Epilepsia51 (4), 639–646.
Duffau, H., Gatignol, P., Moritz-Gasser, S., Mandonnet, E., 2009. Is the left uncinate
fasciculus essential for language? J. Neurosurg. 256 (3), 382–389.
Durrleman, S., Fillard, P., Pennec, X., Trouvé, A., Ayache, N., 2011. Registration, atlas
estimation and variability analysis of white matter ﬁber bundles modeled as
currents. Neuroimage 55 (3), 1073–1090.
Van Essen, D.C., Smith, S.M., Barch, D.M., Behrens, T.E., Yacoub, E., Ugurbil, K., Con-
sortium, W.-M.H., et al. 2013. The WU-Minn human connectome project: an
overview. Neuroimage 80, 62–79.
152 L. O’Donnell et al. / NeuroImage: Clinical 13 (2016) 138–153
Farquharson, S., Tournier, J.-D., Calamante, F., Fabinyi, G., Schneider-Kolsky, M., Jack-
son, G.D., Connelly, A., 2013. White matter ﬁber tractography: why we need to
move beyond DTI: Clinical article. J. Neurosurg. 118 (6), 1367–1377.
Fedorov, A., Beichel, R., Kalpathy-Cramer, J., Finet, J., Fillion-Robin, J.C., Pujol, S., Bauer,
C., Jennings, D., Fennessy, F., Sonka, M., et al. 2012. 3D Slicer as an image comput-
ing platform for the quantitative imaging network. Magn. Reson. Imaging 30 (9),
1323–1341.
Fillard, P., Descoteaux, M., Goh, A., Gouttard, S., Jeurissen, B., Malcolm, J., Ramirez-
Manzanares, A., Reisert, M., Sakaie, K., Tensaouti, F., et al. 2011. Quantitative
evaluation of 10 tractography algorithms on a realistic diffusion MR phantom.
Neuroimage 56 (1), 220–234.
Garyfallidis, E., Brett, M., Correia, M.M., Williams, G.B., Nimmo-Smith, I., 2012. Quick-
bundles, a method for tractography simpliﬁcation. Front. Neurosci. 6, 175.
Garyfallidis, E., Ocegueda, O., Wassermann, D., Descoteaux, M., 2015. Robust and eﬃ-
cient linear registration of white-matter fascicles in the space of streamlines.
NeuroImage 117, 124–140.
Gering, D.T., Nabavi, A., Kikinis, R., Hata, N., O’Donnell, L.J., Grimson, W.E.L., Jolesz,
F.A., Black, P.M., Wells, W.M., 2001. An integrated visualization system for surgi-
cal planning and guidance using image fusion and an open MR. J. Magn. Reson.
Imaging 13 (6), 967–975.
Glasser, M.F., Sotiropoulos, S.N., Wilson, J.A., Coalson, T.S., Fischl, B., Andersson, J.L., Xu,
J., Jbabdi, S., Webster, M., Polimeni, J.R., et al. 2013. The minimal preprocessing
pipelines for the human connectome project. NeuroImage 80, 105–124.
Golby, A.J., Kindlmann, G., Norton, I., Yarmarkovich, A., Pieper, S., Kikinis, R., 2011.
Interactive diffusion tensor tractography visualization for neurosurgical planning.
Neurosurgery 68 (2), 496.
Graham, M.S., Drobnjak, I., Zhang, H., 2016. Realistic simulation of artefacts in diffu-
sion MRI for validating post-processing correction techniques. NeuroImage 125,
1079–1094.
Guevara, P., Duclap, D., Poupon, C., Marrakchi-Kacem, L., Fillard, P., Le Bihan, D.,
Leboyer, M., Houenou, J., Mangin, J.F., 2012. Automatic ﬁber bundle segmentation
in massive tractography datasets using a multi-subject bundle atlas. Neuroimage
61 (4), 1083–1099.
Guevara, P., Poupon, C., Rivière, D., Cointepas, Y., Descoteaux, M., Thirion, B., Mangin,
J.F., 2011. Robust clustering of massive tractography datasets. Neuroimage 54 (3),
1975–1993.
Huth, A.G., de Heer, W.A., Griﬃths, T.L., Theunissen, F.E., Gallant, J.L., 2016. Natural
speech reveals the semantic maps that tile human cerebral cortex. Nature 532
(7600), 453–458.
Irfanoglu, M.O., Modi, P., Nayak, A., Hutchinson, E.B., Sarlls, J., Pierpaoli, C., 2015.
DR-BUDDI (diffeomorphic registration for blip-up blip-down diffusion imag-
ing) method for correcting echo planar imaging distortions. NeuroImage 106,
284–299.
Jellison, B.J., Field, A.S., Medow, J., Lazar, M., Salamat, M.S., Alexander, A.L., 2004. Diffu-
sion tensor imaging of cerebral white matter: a pictorial review of physics, ﬁber
tract anatomy, and tumor imaging patterns. Am. J. Neuroradiol. 25 (3), 356–369.
Jeurissen, B., Tournier, J.D., Dhollander, T., Connelly, A., Sijbers, J., 2014. Multi-tis-
sue constrained spherical deconvolution for improved analysis of multi-shell
diffusion MRI data. NeuroImage 103, 411–426.
Jones, D.K., 2008. Studying connections in the living human brain with diffusion MRI.
cortex 44 (8), 936–952.
Kaus, M.R., Warﬁeld, S.K., Nabavi, A., Black, P.M., Jolesz, F.A., Kikinis, R., 2001.
Automated segmentation of MR images of brain tumors. Radiology 218 (2),
586–591.
Kuhnt, D., Bauer, M.H., Egger, J., Richter, M., Kapur, T., Sommer, J., Merhof, D., Nim-
sky, C., 2013. Fiber tractography based on diffusion tensor imaging compared
with high-angular-resolution diffusion imaging with compressed sensing: initial
experience. Neurosurgery 72 (0 1), 165.
Lebel, C., Beaulieu, C., 2009. Lateralization of the arcuate fasciculus from childhood to
adulthood and its relation to cognitive abilities in children. Hum. Brain Mapp. 30
(11), 3563–3573.
Leclercq, D., Duffau, H., Delmaire, C., Capelle, L., Gatignol, P., Ducros, M., Chiras,
J., Lehéricy, S., 2010. Comparison of diffusion tensor imaging tractography of
language tracts and intraoperative subcortical stimulations: clinical article. J.
Neurosurg. 112 (3), 503–511.
Makris, N., Kennedy, D.N., McInerney, S., Sorensen, A.G., Wang, R., Caviness, V.S.,
Pandya, D.N., 2005. Segmentation of subcomponents within the superior longitu-
dinal fascicle in humans: a quantitative, in vivo, DT-MRI study. Cereb. Cortex 15
(6), 854–869.
Makris, N., Pandya, D.N., 2009. The extreme capsule in humans and rethinking of the
language circuitry. Brain Struct. Funct. 213 (3), 343–358.
Makris, N., Papadimitriou, G.M., Kaiser, J.R., Sorg, S., Kennedy, D.N., Pandya, D.N., 2009.
Delineation of the middle longitudinal fascicle in humans: a quantitative, in vivo,
DT-MRI study. Cereb. Cortex 19 (4), 777–785.
Malcolm, J., Shenton, M., Rathi, Y., 2010. Filtered multitensor tractography. IEEE Trans.
Med. Imaging 29 (9), 1664–1675.
Mandonnet, E., Nouet, A., Gatignol, P., Capelle, L., Duffau, H., 2007. Does the left inferior
longitudinal fasciculus play a role in language? A brain stimulation study. Brain
130 (3), 623–629.
Martino, J., Brogna, C., Robles, S.G., Vergani, F., Duffau, H., 2010. Anatomic dissection of
the inferior fronto-occipital fasciculus revisited in the lights of brain stimulation
data. Cortex 46 (5), 691–699.
Martino, J., Hamer, P.C.D.W., Berger, M.S., Lawton, M.T., Arnold, C.M., de Lucas, E.M.,
Duffau, H., 2013. Analysis of the subcomponents and cortical terminations of the
perisylvian superior longitudinal fasciculus: a ﬁber dissection and DTI tractogra-
phy study. Brain Struct. Funct. 218 (1), 105–121.
Matthews, P.M., Honey, G.D., Bullmore, E.T., 2006. Applications of fMRI in translational
medicine and clinical practice. Nat. Rev. Neurosci. 7 (9), 732–744. http://dx.doi.
org/10.1038/nrn1929.
Mendoza, J., Foundas, A., 2007. Clinical Neuroanatomy: A Neurobehavioral Approach.
Springer Science & Business Media.
Meola, A., Comert, A., Yeh, F.C., Stefaneanu, L., Fernandez-Miranda, J.C., 2015. The
controversial existence of the human superior fronto-occipital fasciculus: Con-
nectome-based tractographic study with microdissection validation. Hum. Brain
Mapp. 36 (12), 4964–4971.
Granata, f, Mormina, E., Longo, M., Arrigo, A., Alafaci, C., Tomasello, F., Calamuneri, A.,
Marino, S., Gaeta, M., Vinci, S., 2015. Am. J. Neuroradiol. 36 (10), 1853–1858.
Neher, P.F., Descoteaux, M., Houde, J.-C., Stieltjes, B., Maier-Hein, K.H., 2015. Strengths
and weaknesses of state of the art ﬁber tractography pipelines-a comprehensive
in-vivo and phantom evaluation study using tractometer. Med. Image Anal. 26
(1), 287–305.
Nimsky, C., 2014. Fiber tracking - we should move beyond diffusion tensor imaging.
World Neurosurg. 82 (1), 35–36.
Ning, L., Laun, F., Gur, Y., DiBella, E.V., Deslauriers-Gauthier, S., Megherbi, T., Ghosh,
A., Zucchelli, M., Menegaz, G., Fick, R., St-Jean, S., Paquettei, M., Arandaj, R.,
Descoteaux, M., Deriche, R., O’Donnell, L., Rathi, Y., 2015. Sparse reconstruc-
tion challenge for diffusion MRI: validation on a physical phantom to determine
which acquisition scheme and analysis method to use? Med. Image Anal. 26 (1),
316–331.
O’Donnell, L., Kubicki, M., Shenton, M.E., Grimson, W.E.L., Westin, C.F., 2006. A
method for clustering white matter ﬁber tracts. Am. J. Neuroradiol. (AJNR) 27 (5),
1032–1036.
O’Donnell, L., Wells, W., Golby, A., Westin, C., 2012. Unbiased groupwise registration of
white matter tractography. Med. Image Comput. Comput.-Assist. Interv.-MICCAI
2012 123–130.
O’Donnell, L., Westin, C., 2007. Automatic tractography segmentation using a
high-dimensional white matter atlas. IEEE Trans. Med. Imaging 26 (11),
1562–1575.
O’Donnell, L.J., Golby, A.J., Westin, C.-F., 2013. Fiber clustering versus the parcella-
tion-based connectome. NeuroImage 80, 283–289.
O’Donnell, L.J., Westin, C.F., 2011. An introduction to diffusion tensor image analysis.
Neurosurg. Clin. N. Am. 22 (2), 185–196.
O’Donnell, L.J., Westin, C.-F., Golby, A.J., 2009. Tract-based morphometry for white
matter group analysis. Neuroimage 45 (3), 832–844.
Oguz, I., Farzinfar, M., Matsui, J., Budin, F., Liu, Z., Gerig, G., Johnson, H.J., Styner, M.A.,
2014. Dtiprep: quality control of diffusion-weighted images. Front. Neuroinform.
8, 4.
Papagno, C., Miracapillo, C., Casarotti, A., Lauro, L.J.R., Castellano, A., Falini, A., Casaceli,
G., Fava, E., Bello, L., 2010. What is the role of the uncinate fasciculus? Surgical
removal and proper name retrieval. Brain Awq283.
Petrella, J.R., Shah, L.M., Harris, K.M., Friedman, A.H., George, T.M., Sampson, J.H.,
Pekala, J.S., Voyvodic, J.T., 2006. Preoperative functional MR imaging localization
of language and motor areas: effect on therapeutic decision making in patients
with potentially resectable brain tumors 1. Radiology 240 (3), 793–802. http://dx.
doi.org/10.1148/radiol.2403051153.
Presseau, C., Jodoin, P.-M., Houde, J.-C., Descoteaux, M., 2015. A new compression
format for ﬁber tracking datasets. NeuroImage 109, 73–83.
Propper, R.E., O’Donnell, L.J., Whalen, S., Tie, Y., Norton, I.H., Suarez, R.O., Zollei, L., Rad-
manesh, A., Golby, A.J., 2010. A combined fMRI and DTI examination of functional
language lateralization and arcuate fasciculus structure: effects of degree versus
direction of hand preference. Brain Cogn. 73 (2), 85–92.
Pujol, S., Wells, W., Pierpaoli, C., Brun, C., Gee, J., Cheng, G., Vemuri, B., Commowick, O.,
Prima, S., Stamm, A., et al. 2015. The DTI challenge: toward standardized evalua-
tion of diffusion tensor imaging tractography for neurosurgery. J. Neuroimaging
25 (6), 875–882.
Qazi, A.A., Radmanesh, A., O’Donnell, L., Kindlmann, G., Peled, S., Whalen, S., Westin,
C.F., Golby, A.J., 2009. Resolving crossings in the corticospinal tract by two-tensor
streamline tractography: method and clinical assessment using fMRI. NeuroIm-
age 47, T98–T106.
Quammen, C., Weigle, C., Taylor, R., 2011. Boolean operations on surfaces in vtk
without external libraries. Insight J 797, 1–12.
Radmanesh, A., Zamani, A.A., Whalen, S., Tie, Y., Suarez, R.O., Golby, A.J., 2015. Compar-
ison of seeding methods for visualization of the corticospinal tracts using single
tensor tractography. Clin. Neurol. Neurosurg. 129, 44–49.
Reisert, M., Mader, I., Anastasopoulos, C., Weigel, M., Schnell, S., Kiselev, V., 2011.
Global ﬁber reconstruction becomes practical. Neuroimage 54 (2), 955–962.
Risholm, P., Pieper, S., Samset, E., Wells, W.M., III, 2010. Summarizing and visualizing
uncertainty in non-rigid registration. Medical Image Computing and Comput-
er-Assisted Intervention-MICCAI 2010. Springer., pp. 554–561.
Rosen, B.R., Savoy, R.L., 2012. FMRI at 20: has it changed the world? NeuroImage 62
(2), 1316–1324. http://dx.doi.org/10.1016/j.neuroimage.2012.03.004.
Seo, J., Jang, S., 2013. Different characteristics of the corticospinal tract according to
the cerebral origin: DTI study. Am. J. Neuroradiol. 34 (7), 1359–1363.
Smith, R.E., Tournier, J.-D., Calamante, F., Connelly, A., 2013. SIFT: Spherical-deconvo-
lution informed ﬁltering of tractograms. Neuroimage 67, 298–312.
Smith, R.E., Tournier, J.-D., Calamante, F., Connelly, A., 2015. The effects of SIFT
on the reproducibility and biological accuracy of the structural connectome.
Neuroimage 104, 253–265.
Snell, R.S., 2010. Clinical neuroanatomy. Lippincott Williams &Wilkins.
Stippich, C., et al. 2007. Clinical functional MRI. Springer.
Talos, I.F., O’Donnell, L., Westin, C.F., Warﬁeld, S.K., III, W.W.e.l.l.s., Yoo, S.S., Panych,
L.P., Golby, A., Mamata, H., Maier, S.S., et al. 2003. Diffusion tensor and functional
L. O’Donnell et al. / NeuroImage: Clinical 13 (2016) 138–153 153
MRI fusion with anatomical MRI for image-guided neurosurgery. International
Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer., pp. 407–415.
Thomas, C., Frank, Q.Y., Irfanoglu, M.O., Modi, P., Saleem, K.S., Leopold, D.A., Pierpaoli,
C., 2014. Anatomical accuracy of brain connections derived from diffusion MRI
tractography is inherently limited. Proc. Natl. Acad. Sci. 111 (46), 16574–16579.
Tournier, J., Calamante, F., Connelly, A., et al. 2012. Mrtrix: diffusion tractography in
crossing ﬁber regions. Int. J. Imaging Syst. Technol. 22 (1), 53–66.
Treiber, J.M., White, N.S., Steed, T.C., Bartsch, H., Holland, D., Farid, N., McDonald,
C.R., Carter, B.S., Dale, A.M., Chen, C.C., 2016. Characterization and correction
of geometric distortions in 814 diffusion weighted images. PloS one 11 (3).
e0152472.
Tunç, B., Ingalhalikar, M., Parker, D., Lecoeur, J., Singh, N., Wolf, R.L., Macyszyn, L.,
Brem, S., Verma, R., 2015. Individualized map of white matter pathways: connec-
tivity-based paradigm for neurosurgical planning. Neurosurgery (epub ahead of
print).
Ulmer, J.L., Berman, J.I., Mueller, W.M., Gaggl, W., DeYoe, E.A., Klein, A.P., 2011. Issues
in translating imaging technology and presurgical diffusion tensor imaging.
Functional Neuroradiology. Springer., pp. 731–765.
Vassal, F., Schneider, F., Boutet, C., Jean, B., Sontheimer, A., Lemaire, J.J., 2016. Combined
DTI tractography and functionalMRI study of the language connectome in healthy
volunteers: extensive mapping of white matter fascicles and cortical activations.
PloS one 11 (3). e0152614.
Vercruysse, D., Christiaens, D., Maes, F., Sunaert, S., Suetens, P., 2014. Fiber bundle
segmentation using spectral embedding and supervised learning. Computational
Diffusion MRI. Springer., pp. 103–114.
Vernooij, M., Smits, M., Wielopolski, P., Houston, G., Krestin, G., van der Lugt, A., 2007.
Fiber density asymmetry of the arcuate fasciculus in relation to functional hemi-
spheric language lateralization in both right-and left-handed healthy subjects: a
combined fMRI and DTI study. Neuroimage 35 (3), 1064–1076.
Voineskos, A.N., O’Donnell, L.J., Lobaugh, N.J., Markant, D., Ameis, S.H., Niethammer,
M., Mulsant, B.H., Pollock, B.G., Kennedy, J.L., Westin, C.F., et al. 2009. Quantitative
examination of a novel clustering method using magnetic resonance diffusion
tensor tractography. Neuroimage 45 (2), 370–376.
Von Der Heide, R.J., Skipper, L.M., Klobusicky, E., Olson, I.R., 2013. Dissecting the
uncinate fasciculus: disorders, controversies and a hypothesis. Brain 136 (6),
1692–1707.
Wassermann, D., Bloy, L., Kanterakis, E., Verma, R., Deriche, R., 2010. Unsupervised
white matter ﬁber clustering and tract probability map generation: applications
of a Gaussian process framework for white matter ﬁbers. NeuroImage 51 (1), 228.
Whitford, T.J., Kubicki, M., Schneiderman, J.S., O’Donnell, L.J., King, R., Alvarado, J.L.,
Khan, U., Markant, D., Nestor, P.G., Niznikiewicz, M., et al. 2010. Corpus callosum
abnorMalities and their association with psychotic symptoms in patients with
schizophrenia. Biol. Psychiatry 68 (1), 70–77.
Wilkins, B., Lee, N., Gajawelli, N., Law, M., Leporé, N., 2015. Fiber estimation and
tractography in diffusion MRI: development of simulated brain images and com-
parison of multi-ﬁber analysis methods at clinical b-values. Neuroimage 109,
341–356.
Wu, J.-S., Zhou, L.-F., Tang, W.-J., Mao, Y., Hu, J., Song, Y.-Y., Hong, X.-N., Du, G.-H.,
2007. Clinical evaluation and follow-up outcome of diffusion tensor imaging-
based functional neuronavigation: a prospective, controlled study in patients
with gliomas involving pyramidal tracts. Neurosurgery 61 (5), 935–949. http://
dx.doi.org/10.1227/01.neu.0000303189.80049.ab.
Zhang, F., Savadjiev, P., Cai, W., Song, Y., Verma, R., Westin, C.F., O’Donnell, L.J., 2016.
Fiber clustering based white matter connectivity analysis for prediction of autism
spectrum disorder using diffusion tensor imaging. Biomedical Imaging (ISBI),
2016 IEEE 13Th International Symposium On, IEEE. pp. 564–567.
